Abstract. Based on Raman and near infrared spectroscopy (NIR), the modeling of edible-oil iodine value was conducted following chemometrics and support vector machine regression (SVR). The Raman and NIR spectral data of 44 oil samples were collected and preprocessed. The preprocessed spectral data at characteristic wavelengths were extracted with CARS and iPLS methods. Parameter optimization was performed following the grid search algorithm (GS), for the SVR iodine value prediction models. The results show that all the models built could predict the iodine values to some extent. An NIR-MSC-iPLS-SVR model exhibited the greatest stability and its correlation coefficient R of the prediction set reached 97.69%. The results show that NIR has more advantages in the fast prediction of iodine values and can be utilized to manufacture portable spectral instruments for edible-oil iodine-value determination.
Experimental
Oil samples Forty four edible oils, including peanut oil, corn oil, soybean oil, sunflower oil, rice oil, rapeseed oil, and tea seed oil, were sampled. All samples were obtained from different providers and different brands for the universality of the derivative models.
Instruments and softwares An RamTraceer-200 Raman spectrometer (OptoTrace Technologies, Inc., the United States) was used to collect the Raman spectra. A homemade vegetable-oil quality-assessment instrument equipped with an Axsun XL410 laser near infrared spectrometer (the United States) was used to collect the NIR spectra. Besides, the pre-processing and modeling of the collected spectral data were conducted by using Unscrambler X10.1 and MATLAB_R2012a softwares.
Spectral data acquisition procedure The oil samples were heated with a thermostatic water bath at 60 ºC. The samples were placed in cuvettes for NIR spectra acquisition at 60 ºC. Each sample was determined three times, and all the spectra were averaged to derive the final spectrum. The original spectra of all samples are shown in Figure 1 . In the Raman spectral measurement, the samples were placed in vials, and only the data in the range of 700-1530 cm -1 with high signal-to-noise ratios were documented, as shown in Figure  2 . 
Spectra preprocessing and characteristic wavelength extraction
The acquired Raman and NIR data contain not only the intrinsic information of oil samples but also noise, background radiation, and stray light. The latter will interfere with the modeling results and must be filtered through preprocessing. In addition, a large number of variables have an adverse effect on the efficiency of modeling. The extraction of the intrinsic spectral information will greatly shorten the modeling time. In this work, two characteristic wavelength extraction methods were adopted: competitive adaptive reweighted sampling algorithm (CARS) and interval partial least squares (iPLS) method. In the CARS method [10] , subsets of variables were selected based on the minimum root mean square error of cross validation (RMSECV) of the PLS model. In the iPLS method, the appropriate narrower range for efficient modeling is determined via a characteristic wavelength extraction method proposed by Norgaard et al [11] .
Parameter optimization and modeling In the present work, the grid search algorithm (GS) was adopted to optimize the parameters of models which include penalty factor C and RBF kernel function g. On the other hand, seeing the fact that the support vector machine regression (SVR) has advantages in small sample sizes and high-dimension pattern recognition, the SVR method was employed in the modeling of iodine value.
Results and discussion
Ram-SVR modeling After the preprocessing of Raman spectra, characteristic wavelength extraction was conducted by using CARS and iPLS methods. Afterwards, combined with the GS parameter optimization approach, Ram-SVR models were built. The modeling performance was represented by the correlation coefficient R, root mean square error (RMSE), penalty factor C, and kernel parameter g, which are shown in Table 1 . As depicted in Table 1 , the Raman-based SVR models can successfully predict the iodine value. The correlation coefficients R of the prediction and calibration sets are above 90%. Among all the CARS-SVR models, the R value of the calibration set after preprocessing with MA11-PLS-Nor method reaches a maximum of 99.81%, but the correlation coefficient of the prediction set is the lowest and the MSER values of calibration and prediction sets differ greatly. The correlation coefficients of SG15-PLS-Nor-CARS and MA11-airPLS-Nor-CARS models reach 93%. Among all the iPLS-SVR models, the R values of calibration and prediction sets of the model after the SG15-PLS-Nor preprocessing are the highest: 92.80% and 95.68%, respectively. The MSER values of calibration and prediction sets are close, indicating that the model is robust. The prediction results of the SG15-PLS-Nor-iPLS-SVR model are shown in Figure 3 . 
NIR-SVR modeling
The characteristic NIR wavelengths were extracted with CARS and iPLS methods, and the parameters were optimized by using the GS method, to build the NIR-SVR prediction models. The results are shown in Table 1 . As shown in Table 2 , these NIR models can well predict the iodine values of edible oils. The correlation coefficients R of the calibration sets are higher than 91%, and the R values of the prediction sets are higher than 96%. Moreover, it is illustrated in Table 2 that the iPLS-based SVR models have better performances compared to those CARS-based SVR models. Among these iPLS-based models, the R value of the MSC-iPLS-SVR model is as high as 97.69%, indicating a remarkable prediction performance. The detailed prediction results of the NIR-MSC-iPLS-SVR model are shown in Figure 4 .
The results in Tables 1 and 2 demonstrate that fast prediction of the iodine value can be achieved on the basis of either Raman or NIR. Comparing the prediction performances of Raman and NIR, generally speaking, we can find that the NIR-SVR models have larger correlation coefficients of prediction sets and better prediction performances. The real and predicted values based on the NIR-MSC-iPLS-SVR model are described in Table 3 . 
Conclusions
In this work, Raman and NIR spectra were collected and preprocessed. After characteristic wavelength extraction and parameter optimization, the spectral data were fitted to build models for the fast prediction of edible-oil iodine values. The correlation coefficients of the prediction sets of Raman spectra reached 95.68%, and those of NIR spectra reached 97.69%, indicating that NIR is more precise in the prediction of edible-oil iodine values. Furthermore, different preprocessing and characteristic-wavelength extraction methods can also affect the performances of models. In the future work, one can develop better preprocessing and characteristic-wavelength extraction methods to optimize the model. Besides, a larger number of samples can improve the generalization ability and universality of the model.
